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Accepted 26 February 2016; Published online 8 March 2016AbstractObjective: To establish the association between prior knee-pain consultations and early diagnosis of knee osteoarthritis (OA) by
weighted cumulative exposure (WCE) models.
Study Design and Setting: Data were from an electronic health care record (EHR) database (Consultations in Primary Care Archive).
WCE functions for modeling the cumulative effect of time-varying knee-pain consultations weighted by recency were derived as a predic-
tive tool in a population-based case-control sample and validated in a prospective cohort sample. Two WCE functions ([i] weighting of the
importance of past consultations determined a priori; [ii] flexible spline-based estimation) were comprehensively compared with two
simpler models ([iii] time since most recent consultation; total number of past consultations) on model goodness of fit, discrimination,
and calibration both in derivation and validation phases.
Results: People with the most recent and most frequent knee-pain consultations were more likely to have high WCE scores that were
associated with increased risk of knee OA diagnosis both in derivation and validation phases. Better model goodness of fit, discrimination,
and calibration were observed for flexible spline-based WCE models.
Conclusion: WCE functions can be used to model prediagnostic symptoms within routine EHR data and provide novel low-cost pre-
dictive tools contributing to early diagnosis.  2016 The Authors. Published by Elsevier Inc. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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record1. Introduction
Weighted cumulative exposure (WCE) models have
been developed in etiologic research to provide an appro-
priate ‘‘exposure metric’’ [1] to represent the complex
cumulative effects of duration, intensity, and timing of
time-varying exposures on health outcomes. These models,
originating from concepts of time-weighted cumulative ex-
posures introduced by Breslow et al. [2] and Thomas [3],
and extended notably by Vacek [4] and AbrahamowiczFunding: CiPCA database is funded by the North Staffordshire Primary
Care Research Consortium and Keele University Research Institute for Pri-
mary Care and Health Sciences.
Conflict of interest: None.
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E-mail address: d.yu@keele.ac.uk (D. Yu).
http://dx.doi.org/10.1016/j.jclinepi.2016.02.025
0895-4356/ 2016 The Authors. Published by Elsevier Inc. This is an open acc
licenses/by-nc-nd/4.0/).et al. [5], have already found a wide range of applications
including modeling the effects of lifestyle behaviors [6],
environmental hazards [7], and prescription drugs [8,9].
WCE approach estimates the total effect of past exposures
by using a weighted sum of these exposures, with the
weights dependent on time since exposure. A review of
WCE models and their development can be found in Syl-
vestre and Abrahamowicz, 2009 [10].
In this study, we consider a novel application of WCE
models intended to serve the purpose of improving early
diagnosis and identifying ‘‘prediagnostic’’ cases for recruit-
ment into research studies (e.g., early diagnosis, trials of
early intervention). This application uses primary care elec-
tronic health record data and arose from the observation that
for some conditions (e.g., breast cancer [11] and asthma
[12]), disease diagnosis in primary care occurs after a
sequence of one or more consultations for symptoms. Theseess article under the CC BY-NC-ND license (http://creativecommons.org/
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Key findings
 The application of weighted cumulative exposure
(WCE) functions to patterns of prediagnostic
symptoms/consultations (codes) in the routine
electronic health care record (EHR) may yield
novel, low-cost prediction tools for early diagnosis.
 A flexible approach to weighting using regression
cubic splines appeared to perform better than a
weighting function assigning highest weights to the
most recent consultations that was defined a priori.
What this adds to what was known?
 WCE approaches have been used extensively for
modeling time-varying causal exposures, but their
application to time-varying patterns of consulta-
tions recorded in the routine EHR is novel.
 Knee osteoarthritis diagnosis in primary care is typi-
cally preceded by multiple symptom-coded consul-
tations over a period of months and sometimes
years, offering the potential for earlier diagnosis.
What is the implication and what should change
now?
 The pattern of primary health care contacts and
presented symptoms recorded in the routine EHR
may be usefully modeled for early diagnosis using
WCE methods.
 Flexible approaches to modeling these patterns
should be investigated further in the context of
early diagnosis of diseases other than OA.
D. Yu et al. / Journal of Clinicaconsultations may be unevenly interspersed over a variable
period of time ranging from a matter of days to several
years. In this study, we aimed to assess the feasibility of us-
ing WCE models within primary care electronic health data
to determine the association between presenting symptoms
and diagnosis in primary care settings. We take as our
example, knee osteoarthritis (OA). Most cases present to
primary care with pain, and the diagnosis is made on clin-
ical grounds without routine use of imaging [13]. However,
the diagnosis often occurs relatively late in the disease pro-
cess [14], is strongly determined by (older) age of the pa-
tient [13], and is often preceded by consultations assigned
nonspecific symptom codes (e.g., ‘‘knee pain’’ or ‘‘knee
arthralgia’’) [15]. It was our hypothesis that these nonspe-
cific consultationsddiscrete, time-varying binary eventsd
could be modeled using WCE approaches and that the
resultant weighted cumulative scores would be superior tosimple counts of knee-related consultations within a partic-
ular time window in predicting future knee OA diagnosis.
Because the exact nature of the exposure-outcome rela-
tionship is seldom confidently known in advance, a range of
approaches to choosing an appropriate weighting function
have been investigated, informed by knowledge of underly-
ing pathophysiologic mechanisms (including pharmacoki-
netic properties of drugs when these are the exposures of
interest). Specific weight functions may be specified in
advance [16] or several may be compared in head-to-head
comparisons using model-fit statistics [4]. However,
modeling methods that require selecting the parametric
form of the weight function in the absence of any prior
knowledge about its shape might lead to invalid results if
the function is incorrectly specified [17,18].
Alternatively, the functional form of the weight function
can be estimated from the data, using flexible nonpara-
metric or quasiparametric methods [10]. In our study, we
contrasted two WCE approaches: a weight function assign-
ing highest weights to the most recent consultations that
was defined a priori, and a weight function estimated by cu-
bic regression splines.2. Methods
2.1. Data source and study design
We conducted a study of a primary care population
included in the Consultations in Primary Care Archive
(CiPCA), using all recorded consultation data by GPs and
practice nurses from 11 general practices in North Stafford-
shire, England, who contributed data continuously between
2000 and 2010. The total practice population consisted of
94,565 people in 2010 [19].
Ethics approval for CiPCAwas given by the North Staf-
fordshire Local Research Ethics Committee to download,
store, and analyze anonymized medical record information
for research use from participating general practices (REC
reference: 03/04). Patients are informed by a poster at their
practice and by leaflet that the practice is a Keele research
practice and that their anonymized records (with identifiable
information removed) may be used for research and that they
can opt out if theywish by informing the practice staff. There-
fore, no separate ethical approval was required for our study.
Our study was conducted in two phases. In the first
phase, we conducted a population-based case-control study
(outcome 5 incident knee OA diagnosis) in which we
derived WCE scores using (1) a weight function assigning
highest weights to the most recent consultations defined a
priori [5]; (2) a weight function using restricted cubic
regression splines fitted to the case-control data [10]. In
conditional logistic regression models, we then compared
how well each of the two WCE scores discriminated and
validated between cases and controls. In the second phase,
we conducted a prospective validation study, following
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two WCE scores predicted future knee OA diagnosis in
these individuals. In both derivation and validation phases,
we compared the models with the two weight functions
against simpler, unweighted models which defined the
exposure by categorizing, respectively, either (1) time since
the most recent consultation or (2) total number of past
consultations. The models were compared in terms of
model goodness of fit, discrimination, and calibration.
2.2. Phase 1: derivation and comparative
discriminative ability of weighted cumulative exposure
scores
2.2.1. Incident diagnosis of knee OA
The outcome of interest was incident diagnosis of knee
OA. A consultation of OAwas defined as a Read code start-
ing N05 (‘‘Osteoarthritis and allied disorders’’; equivalent
to ICD9 codes beginning 715). As the main outcome, knee
OA was defined by Read code lists drawn up through a
consensus process involving local GPs (codelists are avail-
able on request from the authors [20] and also through the
web site: www.keele.ac.uk/mrr). Instead of marking the
onset of disease, date of first Read-coded OA diagnosis is
a clinical milestone denoting the expressed need for pri-
mary health care for a painful or disabling joint problem
that is attributed by the doctor to a chronic, incurable con-
dition for the first time [21,22].
We used the maximum available run-in period within the
CiPCA database (10 years) to identify new diagnoses of knee
OA. An incident knee OA case was defined as one with a
relevant knee OA code recorded in 2010 with no prior re-
corded OA code and complete registration in the previous
10 years. Hence, prevalent knee OA cases who were diag-
nosed with OA during the 10-year run-in period from January
1, 2000 until December 31, 2009 were not eligible to be
defined as incident cases. We considered the date of the first
diagnosis of knee OA in 2010 to be the index date for cases.
We confirmed in our previous work [23] that a 10-year run-in
period is likely to be sufficient to define an incident case of
osteoarthritis within CiPCA in all adult age groups.
2.2.2. Selection of controls
Risk-set sampling [24] was used to select 10 practice-,
age-, and gender-matched controls per case from patients
continuously registered in CiPCA between January 1, 2000
and December 31, 2010. Controls were assigned an index
date identical to that of their matched case. Eligible controls
had no knee OA diagnosis by the age of the matched cases.
2.2.3. Exposure definition
Knee pain consultations recorded in general practice be-
tween January 1, 2000 and the index date were defined as
exposures based on Read Codes identified through
consensus of local GPs [19,20]. Six GPs, all with an interest
in musculoskeletal research, were independently asked todecide whether individual codes relating to knee joint pain
may relate to clinical OA. Codes were excluded if most
GPs decided they would be unlikely to relate to OA. The
final list of Read codes for knee pain included consultations
recorded as ‘‘knee pain,’’ ‘‘knee joint pain,’’ and ‘‘arthralgia
of knee’’ [20]. The codelist for knee pain is available
through our web site http://www.keele.ac.uk/mrr/.
2.2.4. Derivation of WCE scores
2.2.4.1. Weight function assigning highest weights to the
most recent consultations defined a priori. The cumulative
exposure was estimated by a recency-weighted cumulative
function, with the weight function defined a priori as pro-
posed by Abrahamowicz [5]. This takes into account expo-
sure duration (time interval between knee-pain consultation
and knee OA diagnosis) and cumulative dose (total number
of knee-pain consultations within a given time period). The a
priori weight function was specified (i.e., the function that
determines how the weights change with increasing time
since the exposure) and used to assign appropriate numerical
weights to past exposure. Abrahamowicz [5] proposed the
positive (decreasing) half of the Normal ‘‘Gaussian’’ density
function that assigns highest weights to most recent expo-
sures, and in which the cumulative exposure is calculated
as a weighted sum of the past exposure. The rationale was
that in common pharmacoepidemiological applications, the
current risk may be affected by a recent increase of the expo-
sure [5,25]. The implementation of the WCE model with the
weight function determined a priori is described in the
Supplemental Technical Appendix at www.jclinepi.com.
We considered several different ‘‘half-normal’’
decreasing weight functions, assuming that the effect of
past consultations may last between 1 and 10 years and
compared their model goodness of fit. Based on the mini-
mum Akaike information criterion (AIC) and Bayesian in-
formation criterion (BIC), we selected the function in
which the weight assigned to a consultation that occurred
2 years before was reduced to one half of the weight as-
signed to a current consultation (Supplemental Table 1 at
www.jclinepi.com).
2.2.4.2. Weighted cumulative function estimated by
restricted cubic regression spline. In contrast to the previ-
ously mentioned approach which assumes a specific shape
of the weight function, we also used weight functions fitted
to the data using flexible restricted cubic regression splines
[26]. Briefly, theweight functionwas built up by placing inter-
nal knots at equal time intervals, and modeled in conditional
logistic regression models [27]. The number of knots and
the length of time window before index date were identified
from the model with optimal model-fit statistics. The number
of knots determines the flexibility of the estimated spline func-
tion and the model’s degrees of freedom. Sylvestre and Abra-
hamowicz [10] suggested that no more than five knots are
enough to model a smooth spline model while reducing the
riskofmajor overfittingbias. Inour analysis,model containing
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increasing at 0.5-year interval from 1 to 10 years were tested
and compared (Supplemental Table 2 at www.jclinepi.com).
The spline functions were generated and modeled in condi-
tional logistic regression models. We then relied on the BIC
incorporating a penalizing term corresponding to the number
of cases to select the optimal-fitting model [28].
The knots with their coefficients forming the optimal-
fitting model were used to define the weight function
[10,27]. The linear combination of the estimates from the
weight function was used to calculate a WCE score for each
individual (see the Supplemental Technical Appendix at
www.jclinepi.com). Z-Scores were calculated to allow better
comparability between the two WCE function scores.
2.2.5. Comparison of discriminative ability of WCE
scores
The discriminative abilities of the weight function deter-
mined a priori and the flexible spline-based weight function
were compared in conditional logistic regression models
fitted to the case-control data. In addition, we compared
their discriminative abilities against two simpler un-
weighted exposure models. The first model defined the
exposure simply as categorized time since most recent
knee-pain consultation (none, 1e6 months, 7e12 months,
13e24 months, 25e36 months, O36 months), whereas
the second model categorized only the total number of pre-
vious knee consultations (0, 1, 2, 3, 4e5, 6). The results
of the four models were compared with respect to discrim-
inative ability, estimated by the C-statistic with bootstrap
resampling (1,000 samples) [29], and calibration evaluated
for each decile of predicted probability of knee OA by plot-
ting observed proportions vs. predicted probability [29].
2.3. Phase 2: prospective validation of WCE scores
To evaluate the predictive validity of scores from the two
WCE functions, the same WCE scores derived from knee-Table 1. Recency and total number of previous knee-pain consultations am
Knee OA cases (N [ 203) Controls (
n (%) n
Timing of most recent knee-pain consultation
No previous consultation 40 (20) 1,25
1e6 mo 99 (49) 10
7e12 mo 15 (7) 6
13e24 mo 16 (8) 6
25e36 mo 9 (4) 8
37 mo 24 (13) 37
Total number of knee-pain consultations
0 40 (20) 1,25
1 37 (18) 27
2 33 (16) 14
3 31 (15) 8
4e5 26 (13) 10
6 36 (18) 10
Abbreviations: OA, osteoarthritis; IRR, incidence rate ratio; CI, confiden
a IRR for timing of most recent knee-pain consultation was adjusted for
knee-pain consultations was adjusted for the timing of most recent knee-papain consultations up to the index date in phase 1 (i.e.,
without including knee-pain consultations after the index
date) were used to predict the prospective risk of being diag-
nosed with knee OA from index date in 2010 to December
31, 2011.
The associations between unweighted recency of consul-
tation, unweighted consultation counts and WCE scores
derived from knee-pain consultations up to the index date
in phase 1, and the outcome of diagnosis of OA between
the index date and 31 December 2011 among controls were
investigated using Cox proportional hazard models with
adjustment for age, gender, and practice. To allow easier
interpretation of the model, the WCE scores in the Cox
models were categorized into three groups for each of the
two WCE functions: score equals zero (no consultation
for knee pain), scores below the median of the nonzero
scores, and scores above the median of the nonzero scores.
The follow-up time was stratified into three levels: less than
6 months, 6e12 months, and more than 12 months.
The proportional hazards assumption was tested using
Schoenfeld residuals [30]. The four different exposure
models outlined previously were compared with respect
to model discrimination quantified by C-statistics, goodness
of fit measured by BIC, and calibration assessed by calcu-
lating the predicted risk and the observed risk at 2 years
(maximally available follow-up period) and comparing
these by decile of predicted risk [31].3. Results
3.1. Characteristics of study participants
Among the 203 newly diagnosed cases of knee OA in
2010 (mean age: 68.7 years, range 39.1e97.5 years;
52.7% female), 163 (80%) had at least one knee-pain
consultation in the previous 10 years, with 93 (46%) hav-
ing three or more (Table 1). The most recent knee-painong cases and controls
N [ 1,964) Crude IRR Adjusteda IRR
(%) IRR (95% CI) IRR (95% CI)
5 (64) 1 1
7 (6) 31.2 (19.7, 49.4) 24.83 (13.57, 45.43)
8 (4) 7.03 (3.7, 13.60) 5.61 (2.61, 12.07)
7 (3) 8.25 (4.26, 16.0) 6.67 (3.13, 14.23)
8 (5) 3.63 (1.67, 7.92) 3.02 (1.30, 7.01)
9 (19) 2.10 (1.23, 3.56) 1.77 (0.96, 3.26)
5 (64) 1 1
7 (14) 4.66 (2.89, 7.54) 13.37 (8.09, 22.09)
9 (8) 7.32 (4.44, 12.2) 14.46 (8.75, 23.90)
0 (4) 13.46 (7.92, 23.1) 22.58 (13.14, 38.78)
3 (5) 8.65 (4.97, 15.09) 14.59 (8.61, 24.75)
0 (5) 12.82 (7.61, 21.59) 16.26 (9.89, 26.74)
ce interval.
the total number of knee-pain consultations; IRR for total number of
in consultation.
Table 2. Z-scores of weighted cumulative exposure (WCE) function assigning highest weights to the most recent consultations that was defined
a priori and flexible spline-based function in cases and controls, overall and by recency and total number of knee-pain consultations
A priori determined function Flexible spline-based function
Knee OA Controls Knee OA Controls
Overall 1.05 (0.03, 2.63) 0 (0, 0) 2.82 (0, 8.49) 0 (0, 0)
Timing of most recent knee-pain consultation
1e6 mo 0.36 (1.03, 0.67) 0.08 (0.75, 0.84) 0.48 (0.20, 0.60) 0.26 (0.23, 0.52)
7e12 mo 0.34 (0.38, 0.69) 0.00 (0.14, 0.16) 0.04 (0.53, 0.41) 0.09 (0.69, 0.52)
13e24 mo 0.25 (0.64, 0.43) 0.36 (0.84, 0.71) 0.06 (0.54, 0.06) 0.11 (0.78, 0.58)
25e36 mo 0.97 (0.97, 1.01) 0.66 (0.97, 1.01) 0.15 (0.81, 0.31) 0.25 (0.57, 0.14)
37 mo 0 (0, 0) 0 (0, 0) 0.45 (0.54, 0.17) 0.36 (0.39, 0.12)
No previous consultation 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0)
Total number of previous knee-pain consultations
0 0 (0, 0) 0 (0, 0) 0 (0, 0) 0 (0, 0)
1 0.66 (0.88, 0.73) 0.66 (0.76, 0.77) 0.49 (0.60, 0.59) 0.07 (0.84, 1.13)
2 0.56 (0.03, 0.63) 0.61 (0.90, 1.22) 0.31 (0.29, 0.71) 0.08 (0.94, 1.09)
3 0.66 (0.55, 0.68) 0.45 (1.00, 1.16) 0.51 (0.42, 0.67) 0.20 (1.13, 0.97)
4e5 0.61 (1.06, 0.63) 0.43 (1.00, 1.15) 0.46 (0.31, 0.79) 0.15 (0.53, 0.93)
6 0.64 (0.69, 0.66) 0.55 (1.12, 0.98) 0.21 (1.18, 0.97) 0.29 (1.04, 1.34)
Abbreviation: OA, osteoarthritis.
Scores are presented as median (interquartile range) Z-score.
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before knee OA diagnosis. Among the 1,964 controls,
709 (36%) had at least one knee-pain consultation, 283
(14%) had three or more, and 107 (6%) had their
most recent knee-pain consultation within 6 months of
index date.
Associations between the risk of diagnosed knee OA
and simple categorization of time since most recent knee-
pain consultation and/or total number of previous knee-
pain consultations are presented in Table 1. The timing
of most recent prior knee-pain consultation was strongly
associated with OA diagnosis, even after adjustment for to-
tal number of previous consultations. Irrespective of
recency, having one or more prior knee-pain consultations
was strongly associated with OA diagnosis, but there wasFig. 1. Association between weighted cumulative exposure (WCE) scores (a
most recent consultations and flexible spline-based function) of knee-pain
rate ratio was presented as thick short dash dot line with 95% confidenceno evidence of a further increase in the risk of OA diag-
nosis with increasing number of previous knee-pain
consultations.3.2. Derivation of WCE scores
The Z-scores by weight function among cases and con-
trols are summarized in Table 2. The spline function based
on five knots equally spaced over 4.5 years before index
date emerged as the best-fitting flexible spline-based func-
tion (Supplemental Table 2). The weights from both sets of
WCE function are presented visually by time in
Supplemental Fig. 1 at www.jclinepi.com. Table 2 illus-
trates the higher Z-scores from both methods for individ-
uals with a more recent knee-pain consultation. Higherpriori determined the weight function that assigned highest weights to
consultation and risk of diagnosed knee osteoarthritis. The incidence
interval as thin dash lines.
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tations cases had, on average, more recent (i.e., higher-
weighted) consultations, and for the same recency, cases
had a higher total number of consultations.
Of the four exposure models, the best model-fit statistics
(AIC 5 800.80; BIC 5 806.11) and C-statistics (0.68 [95%
CI, 0.65e0.72]) were found for the model with the flexible
spline-based function (Supplemental Tables 3 and 4 at
www.jclinepi.com).
3.3. Comparison of predictive performance of WCE
scores
From the case-control analyses, both WCE scores showed
a similar pattern of overall doseeresponse relationship with
the outcome of incident knee OA diagnosis (Fig. 1).
Fig. 2 displays calibration plots for both WCE models
(Fig. 2A; Fig. 2B) and both simple unweighted models
(Fig. 2G; Fig. 2H). The agreement ratio was calculated as
the predicted probability of OA diagnosis divided by the
observed proportion (Fig. 2C for WCE models; Fig. 2I for
unweighted models). An agreement ratio closer to 1 repre-
sents better agreement between predicted probability and
observed proportion receiving an OA diagnosis. Closer
agreement between the predicted probability and observed
proportion of knee OA diagnosis and flexible spline-based
function was found across most levels of predicted risk.
For example, the mean difference between 1 and the agree-
ment ratio was 0.28 for the WCE model with the flexible
spline-based function, compared with 0.78, 1.02, and 1.89
for the WCE model with weight function determined a priori,
simple unweighted model categorizing time since last knee-
pain consultation, and simple unweighted model categorizing
total number of past knee-pain consultations, respectively.
3.4. Prospective validation analysis in controls
The incidence rate of 30.8 per 1,000 person-years was
obtained from 72 newly diagnosed knee OA cases in
1,778 controls followed for median 1.32 years (IRQ,
1.11e1.64) (2,337.9 person-years of observation). In the
final Cox model of OA diagnosis, residual checks indicated
no violation of the assumption of proportional hazards. A
higher risk of diagnosed knee OA was more likely to be
found among individuals with most recent consultations,
individuals with more consultations, and individuals with
higher scores on both WCE functions in comparison with
individuals without any prior consultation (Table 3). The
risk of diagnosed knee OA increased with the increase in
weight function scores (both a priori determined function
and flexible spline-based function) (Fig. 3).Fig. 2. Validation plots of prediction models. Gray square indicates predicte
portion (A, B, D, E, G, H, J, K); black hollow triangle indicated agreement ra
indicates agreement ratio from model 2 (C and F) or model 4 (I and L). Mode
the weight function determined a priori; model 3, simple unweighted mode
unweighted model categorizing total number of past knee-pain consultationModel goodness of fit was better for the flexible spline-
based function than for the unweighted models and the
weight function determined a priori (Supplemental Table 3
at www.jclinepi.com). Discriminative abilities for all models
were higher than observed in the derivation phase (C statis-
tics for weight function determined a priori 0.65 [95%
CI, 0.59e0.72]; flexible spline-based function 0.69
[0.63e0.75]) (Supplemental Table 4 at www.jclinepi.com).
Fig. 2 compares the predicted and observed risks of knee
OA diagnosis at 2 years across each decile of predicted risk
for the WCE models (Fig. 2D; Fig. 2E) and the unweighted
models (Fig. 2J; Fig. 2K). The agreement ratio between pre-
dicted risk and observed risk is presented in Fig. 2F for the
WCE models and in Fig. 2L for the unweighted models.
Closer agreement between the predicted probability and
observed proportion of knee OA diagnosis was found across
most levels of predicted risk when using flexible spline-
based function. The mean difference between 1 and agree-
ment ratio was 0.42, 0.95, 1.64, and 2.92 for WCE model
with flexible spline-based function, WCE model with the
weight function determined a priori, simple unweighted
model categorizing time since last knee-pain consultation
and simple unweighted model categorizing total number of
past knee-pain consultations, respectively.4. Discussion
Our study findings provide empirical support for the use
of weighted cumulative exposure approaches to model pre-
diagnostic symptom consultations in primary care. In deri-
vation and validation studies of knee osteoarthritis
diagnosis in general practice, a flexible nonparametric
function (weights estimated by regression cubic splines)
was found to discriminate better than a recency-weighted
function (weights based on a weight function determined
a priori that assigned highest weights to the most recent
consultations). Prospective validation revealed better model
calibration from the model with a flexible spline-based
function in predicting the 2-year risk of diagnosed knee
OA by pattern of knee-pain consultations in the prior
4.5 years. Both weight functions were superior to simpler
unweighted models of recency and number of prior consul-
tations in terms of model goodness of fit, discrimination,
and calibration, both in derivation and validation phases.
Scores from both the weight function determined a priori
and the flexible spline-based function suggest that people
with more recent knee-pain consultations and more consul-
tations are more likely to receive a diagnosis of knee OA in
the future. High scores might nonetheless reflect different
diagnostic processes and pathways for knee OA in primaryd probability (A, B, D, E, G, H, J, K), black dot indicated observed pro-
tio from model 1 (C and F) or model 3 (I and L); gray hollow diamond
l 1, WCE model with spline-based function; model-2, WCE model with
l categorizing time since last knee-pain consultation; model 4, simple
s. WCE, weighted cumulative exposure.
Table 3. Association between unweighted recency, unweighted counts, and both weight function scores of prior knee-pain consultations and knee
osteoarthritis diagnosis, by follow-up time period
Follow-up
period
Person-
years
Diagnosed
OA cases
OA diagnoses
per 1,000
person-years
HR (95% CI)
Unadjusted Adjusteda
Simple unweighted model categorizing time since last knee-pain consultation
No previous consultation 0e6 mo 689.9 11 15.9 (8.8, 28.8) Reference Reference
7e12 mo 632.7 13 20.5 (11.9, 35.4) Reference Reference
O12 mo 577.9 19 32.9 (19.8, 51.3) Reference Reference
Timing of most recent
knee-pain consultation
by index date: 1e6 mo
0e6 mo 21.0 6 285.7 (104.9, 621.9) 18.0 (11.9, 21.6) 18.8 (5.4, 65.5)
7e12 mo 19.5 0 0.0 0.0 0.0
O12 mo 14.3 2 139.9 (16.9, 505.2) 4.3 (0.9, 9.8) 4.5 (1.0, 19.5)
Timing of most recent
knee-pain consultation
by index date: 7e12 mo
0e6 mo 14.7 1 68.0 (1.7, 379.0) 4.3 (0.2, 13.2) 2.0 (0.2, 20.0)
7e12 mo 12.7 1 78.7 (2.0, 438.7) 3.8 (0.2, 12.4) 2.8 (0.3, 23.9)
O12 mo 10.0 0 0.0 0.0 0.0
Timing of most recent
knee-pain consultation
by index date: 13e24 mo
0e6 mo 13.4 1 74.6 (1.9, 415.8) 4.7 (0.2, 14.4) 3.5 (0.4, 28.7)
7e12 mo 12.5 0 0.0 0.0 0.0
O12 mo 11.2 1 89.3 (2.3, 497.5) 2.7 (0.1, 9.7) 2.6 (0.3, 19.6)
Timing of most recent
knee-pain consultation
by index date: 25e36 mo
0e6 mo 22.5 0 0.0 0.0 0.0
7e12 mo 21.2 1 47.2 (1.2, 262.8) 2.3 (0.1, 7.4) 3.1 (0.4, 26.0)
O12 mo 19.5 3 153.8 (31.7, 449.6) 4.7 (1.6, 8.8) 3.7 (1.1, 12.7)
Timing of most recent
knee-pain consultation
by index date: 37 mo
0e6 mo 92.3 1 10.8 (0.3, 60.4) 0.7 (0.0, 2.1) 0.4 (0.06, 3.5)
7e12 mo 82.0 7 85.4 (34.3, 175.9) 4.2 (2.9, 5.0) 4.7 (1.8, 12.3)
O12 mo 70.6 5 70.8 (23.0, 165.3) 2.2 (1.2, 3.2) 2.1 (0.8, 5.8)
Simple unweighted model categorizing total number of past knee-pain consultations
No previous consultation 0e6 mo 689.9 11 15.9 (8.8, 28.8) Reference Reference
7e12 mo 632.7 13 20.5 (11.9, 35.4) Reference Reference
O12 mo 577.9 19 32.9 (19.8, 51.3) Reference Reference
Total number of knee-pain
consultations by index
date: 1
0e6 mo 76.673 2 26.1 (3.2, 94.2) 1.6 (0.4, 3.3) 1.3 (0.3, 6.0)
7e12 mo 69.124 2 69.1 (3.5, 104.5) 3.4 (0.3, 3.0) 2.2 (0.5, 10.2)
O12 mo 56.687 6 56.7 (38.8, 230.4) 1.7 (2.0, 4.5) 1.5 (1.4, 1.7)
Total number of knee-pain
consultations by index
date: 2
0e6 mo 32.599 4 122.7 (33.4, 314.2) 7.7 (3.8, 10.9) 7.2 (4.8, 10.9)
7e12 mo 30.146 1 33.2 (0.8, 184.8) 1.6 (0.1, 5.2) 1.4 (0.5, 4.0)
O12 mo 27.404 1 36.5 (0.9, 203.3) 1.1 (0.05, 4.0) 1.1 (0.2, 8.6)
Total number of knee-pain
consultations by index
date: 3
0e6 mo 19.463 1 51.4 (1.3, 286.3) 3.2 (0.1, 9.9) 3.1 (1.5, 6.4)
7e12 mo 18.734 1 53.4 (1.4, 297.4) 2.6 (0.1, 8.4) 2.8 (0.9, 8.9)
O12 mo 20.213 0 0.0 0.0 0.0
Total number of knee-pain
consultations by index
date: 4e5
0e6 mo 19.805 1 50.5 (1.3, 281.3) 3.2 (0.1, 9.8) 2.0 (0.1, 32.0)
7e12 mo 15.873 4 252.0 (68.7, 645.2) 12.3 (5.8, 18.2) 9.0 (2.8, 29.6)
O12 mo 11.947 2 167.4 (20.3, 604.7) 5.1 (1.0, 11.8) 5.3 (1.2, 23.0)
Total number of knee-pain
consultations by index
date: 6
0e6 mo 15.445 1 64.7 (1.6, 360.7) 4.1 (0.2, 12.5) 1.6 (0.2, 13.8)
7e12 mo 14.091 1 71.0 (1.8, 395.4) 3.5 (0.2, 11.2) 3.1 (0.4, 25.9)
O12 mo 9.257 2 216.1 (26.2, 780.5) 6.6 (1.3, 15.2) 6.9 (2.0, 23.2)
Weighted cumulative exposure model with weight function assigning highest weights to the most recent consultations that was defined a priori
A priori determined function
score 5 0
0e6 mo 689.9 11 15.9 (8.8, 28.8) Reference Reference
7e12 mo 632.7 13 20.5 (11.9, 35.4) Reference Reference
O12 mo 577.9 19 32.9 (19.8, 51.3) Reference Reference
A priori determined function
score 0e0.001
0e6 mo 94.7 1 10.6 (1.5, 74.9) 0.7 (0.1, 5.1) 0.5 (0.07, 3.9)
7e12 mo 86.2 0 0.0 0.0 0.0
O12 mo 78.9 2 25.4 (3.1, 91.6) 0.8 (0.2, 3.3) 0.8 (0.2, 3.2)
A priori determined function
score O0.001
0e6 mo 68.8 11 159.8 (88.5, 288.6) 10.0 (4.3, 23.1) 5.7 (2.3, 14.2)
7e12 mo 61.6 7 113.7 (54.2, 238.5) 5.5 (2.2, 13.9) 4.4 (1.7, 11.5)
O12 mo 47.2 8 169.6 (73.2, 334.3) 5.2 (2.3, 11.8) 5.2 (2.3, 11.8)
Weighted cumulative exposure model with the flexible spline-based function
Flexible spline-based
function score 5 0
0e6 mo 689.9 11 15.9 (8.8, 28.8) Reference Reference
7e12 mo 632.7 13 20.5 (11.9, 35.4) Reference Reference
O12 mo 577.9 19 32.9 (19.8, 51.3) Reference Reference
Flexible spline-based
function score 0e2.6
0e6 mo 139.5 3 21.5 (6.9, 66.7) 1.4 (0.4, 4.8) 1.1 (0.3, 4.0)
7e12 mo 128.8 0 0.0 0.0 0.0
O12 mo 114.8 1 8.7 (0.2, 48.5) 0.3 (0.04, 2.0) 0.3 (0.03, 1.9)
Flexible spline-based
function score O2.6
0e6 mo 24.1 9 374.0 (194.6, 718.7) 23.5 (9.7, 56.6) 7.6 (2.8, 21.1)
7e12 mo 18.9 7 370.4 (176.6, 776.9) 18.0 (7.2, 45.2) 5.8 (2.1, 16.0)
O12 mo 11.2 9 801.7 (366.3, 1,520.7) 24.4 (11.0, 53.9) 27.9 (12.4, 62.5)
Abbreviations: OA, osteoarthritis; HR, hazard ratio; CI, confidence interval.
a Adjusted for age gender, and practice.
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Fig. 3. Associations between weighted cumulative exposure (WCE) scores of knee-pain consultations and relative risk of diagnosed knee osteoar-
thritis in validation cohort, followed up from index dates. The incidence rate ratio was presented as thick short dash dot line with 95% confidence
interval as thin dash lines.
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achieved through a combination of patient profile (e.g.,
classical risk factors, advanced signs, and symptoms of
osteoarthritis present), and clinician diagnostic preference
(e.g., comfortable making the diagnosis of osteoarthritis
on clinical grounds alone). The prognostic utility of WCE
approaches will be limited in cases who already achieve a
‘‘fast diagnosis.’’ In addition, these instances may be partic-
ularly susceptible to ‘‘reverse causation’’ where knee-pain
consultations are erroneously believed to precede OA diag-
nosis due to misclassification of the date of OA diagnosis.
This might happen, for example, if there were delays in
administrative staff entering into the primary care record
a diagnosis that was made in secondary care and reported
in a letter to the practice. In the current application, where
few diagnoses of OA are made in secondary care, this is un-
likely to have been a major concern although in other set-
tings it remains an important consideration. At the other
extreme, ‘‘slow diagnosis’’ may reflect the absence of one
or more of these elements. In our data, other symptom re-
cords or referrals were not available, but we would advo-
cate such investigation of the underlying diagnostic
process to accompany applications of weighted cumulative
exposure models for clinical diagnosis.
An important feature of weight functions for early diag-
nosis is that they are a relatively inexpensive prediction tool
derived from record coded symptoms or consultations avail-
able in primary care electronic health records. For descrip-
tive prediction models, information that is easy to obtain
would normally be considered before information that is
more difficult to obtain. Use of readily available information
from the routine electronic health record, such as the weight
function reported in this study, may be incorporated in basic
diagnostic models (e.g., with age, sex, and other well-known
risk factors). The incremental value of more costly ordifficult-to-obtain imaging or biochemical markers could
be evaluated when added to such basic models [32].
A weight function, calculated at prognostic zero time
(e.g., the point in time of the patient presenting with
eligible symptoms/symptom codes to primary care or
alternatively a point in calendar time chosen by an inves-
tigator to identify patients at high/low risk of future diag-
nosis), and based on modeling patterns of consultations
before prognostic zero time, represents a novel prediction
tool. This tool used alone, or more likely in combination
with other recorded prognostic factors (e.g., patient age,
gender, risk factors for the disease of interest), may have
potential applications in clinical practice and in enriching
patient recruitment to clinical research studies by identi-
fying patients early who are at an increased risk of having
undiagnosed disease and might benefit from further
clinical investigations/interventions. The selection of
relevant prior consultations, the optimal weighting
approach, the relevant time interval before diagnosis,
and the consequences of misclassification, however, are
all likely to vary from one disease to the next and between
health care systems.
There were several limitations in our study. First, the
WCE functions in our study were only applied to knee-
pain consultations to predict the knee OA diagnosis. The
performance of WCE functions to predict the early diag-
nosis of other diseases by symptoms/consultations recorded
in primary care settings should be further investigated.
Second, some important covariables (e.g., body mass in-
dex, comorbidity) [33] were not adjusted for both in our
derivation and calibration models. The incorporation of
those variables might potentially improve the discrimina-
tion of our prediction models. However, the discriminative
ability of our models was comparable or higher to that seen
in other prognostic models for incident knee OA [34].
227D. Yu et al. / Journal of Clinical Epidemiology 76 (2016) 218e228Third, although prospective validation was undertaken in
our study, we would encourage further external validation.
A relatively small sample size was available for the present
study. Under such circumstances, it is well recognized that
model uncertainty may be large and reliable predictions
may not be derived [35]. Overfitting is also a concern due
to the limited sample size, especially in the case of more
flexible models that require additional degrees of freedom
[36]. Both the validation sample and the derivation sample
in the present study were from the same database (CiPCA)
rather than two independent databases. Moreover the vali-
dation sample comprised controls from the derivation sam-
ple, which made the relatedness between derivation and
validation samples high [37]. Different models were used
in the derivation phase (conditional logistic regression
model) and the validation phase (Cox regression model),
which made comparisons (model goodness of fit, discrimi-
nation, and calibration) difficult between the derivation and
validation phases.
WCE models [5,10,27] can be applied to patterns of pre-
diagnostic symptoms and consultations within the routine pri-
mary care electronic health record. These relatively simple,
low-cost predictors may have the potential to contribute to
improving early diagnosis and warrant further investigation.Acknowledgments
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